Abstract Wind climate in Northwest Europe is subject to long-term persistence (LTP), also called the Hurst phenomenon. Ignorance of LTP causes underestimation of climatic variability. The quantification of multi-year variability is important for the assessment of the uncertainty of future multi-year wind yields. Estimating LTP requires long homogeneous time series. Such series of wind observations are rare, but annual mean geostrophic wind speed (U) can be used instead. This study demonstrates a method to estimate the 10-year aggregated mean U for the near and the far future and its uncertainty in Northwest Europe. Time series of U were derived from daily sea level pressure from the European Climate Assessment Dataset. Minor inhomogeneities cannot be ruled out, but were shown to hardly affect the estimated Hurst exponent ðĤÞ. A maximum likelihood method was adjusted to remove the biases inĤ. The geostrophic wind speed over the North Sea, the British Isles and along the Scandinavian coast are characterised by statistically significant H between 0.58 and 0.74, (H = 0.5 implies no LTP). The additional affect of the parameter uncertainty is estimated in a Bayesian way and is highly dependent on the record length. The assessment of structural changes in future wind fields requires general circulation models. An ensemble of seventeen simulations (ESSENCE) with one single climate model (ECHAM5/MPI-OM) was used to evaluate structural trends and LTP. The estimatedĤ in the ESSENCE simulations are generally close to 0.5 and not significant. Significant trends in U are found over large parts of the investigated domain, but the trends are small compared to the multi-year variability. Large decreasing trends are found in the vicinity of Iceland and increasing trends near the Greenland coast. This is likely related to the sea ice retreat within the ESSENCE simulations and the associated change in surface temperature gradients.
Introduction
Financiers of new wind farms are typically interested in the expected aggregated mean wind energy yield for a future operating period-usually 10-20 years-in combination with some measure of uncertainty (Albers 2004) . Estimations of aggregated wind energy yields over a period of k years (Y (k) ) are usually based on past wind climate time series. Vautard et al. (2010) found a downward trend in observed surface winds for most of the northern Hemisphere between 1979 and 2008. They hypothesised that this stilling is partly due to increasing surface roughness caused by increasing vegetation. For The Netherlands, this was confirmed by Wever (2011) who attributed 40% of the observed decrease ) in 10m wind to changed local surface roughness, 30% to changed mesoscale roughness and 30% to variations in large-scale circulation. At the hub height of modern wind turbines (60-100 m) the effect of local surface roughness is limited; mesoscale roughness does still substantially affect the wind supply. Yet, for typical return on investment periods, natural variability may be dominant (Bakker et al. 2011 ) and changes in surface roughness play, if any, a minor role for offshore wind farms.
In Northwest Europe, the wind climate is subject to considerable long-term variability. A distinct increase has been reported from the 1960s until the mid 1990s (Pryor and Barthelmie 2003; Alexander et al. 2005) . The high average wind and storm conditions in the mid nineties, however, are not so extraordinary when compared to the 1880s (e.g. Alexandersson et al. 1998 Alexandersson et al. , 2000 Matulla et al. 2008; Wang et al. 2009 ). Therefore, Kaas et al. (1996) and WASA (1998) concluded that the wind climate of northern Europe has not structurally changed in the last 100-150 years. The large multi-year fluctuations are generally ascribed to natural climate variability.
Wind and other geophysical processes often show such long-term variations (Hurst 1951) . One manifestation of the ''Hurst phenomenon'', or long-term persistence (LTP), is the tendency of similar extreme events to cluster close together in time, like droughts in hydrology or extreme storms in wind climate. This behaviour is referred to with several other names, like simple scaling stochastic process (SSS) (Koutsoyiannis 2006 ) and Hurst-Kolmogorov behaviour (Tyralis and Koutsoyiannis 2011) .
In practice, fluctuations that persist for many years, are often dealt with by breaking the series up into a sequence of deterministic trends. Koutsoyiannis (2006) addressed that many hydrologists use the complete time series after detrending, i.e. subtracting some linear or non-linear trend. Sometimes, an extrapolation of the trend is used for the future prediction. In the wind industry, uncertainty estimates of Y (k) are often based on a recent ''stationary'' episode (e.g. Segers 2009; Knight and Harrison 2006) . Both methods neglect the possibility of changes in the trend within the time range of the prediction, although such trend changes have been observed in the past. This approach may be justified if those changes are well understood; the decrease in windiness in Northwest Europe from the last decades is, for instance, partly attributed to increased surface roughness (Vautard et al. 2010; Wever 2011) . On the other hand, natural variations of the atmospheric circulation were just as important or even more important and future evolution of this chaotic component of the atmospheric circulation is highly unpredictable (Bakker et al. 2011) . Therefore, it is preferred to recognise the unpredictability and accept the trends as a result of stationary, natural long-term variability.
The Hurst phenomenon can be quantified through the Hurst exponent (H), which varies from 0.5 in the absence of LTP (e.g. white noise) up to 1.0 (Koutsoyiannis 2003) . Let l Y be the population mean and r Y the population standard deviation of Y
(1) then the expected value of the k-year aggregated yield mean is not dependent on H:
However, the standard deviation of Y (k) is greatly affected by H:
which for H = 0.5 reduces to the classical statistics law
To illustrate this for fixed l Y and r Y ; StD(Y (10) ) is 1.26 times larger if H = 0.6 and 2.00 times larger if H = 0.8 compared to a process without LTP (i.e. H = 0.5).
Estimation of H (and thus estimation of long-term variability) requires long homogeneous time series, i.e. not affected by changes in measurement or local circumstances which influence the measurement. Even for time series of more than 100 observations, estimation of H remains highly uncertain (Koutsoyiannis and Cohn 2008) . The high sensitivity of wind speed observations to the local environment and instrumentation implies that long homogeneous wind speed records are very rare. Therefore, longterm trends and variations in wind climate are often investigated by using proxies derived from observed pressure data, such as geostrophic wind speed (e.g. Alexandersson et al. 1998 ) and pressure tendency (e.g. Alexander et al. 2005; Schmith et al. 1998) . If wind conditions averaged over multiple days are required, geostrophic wind speed is preferred. Monthly and annual geostrophic wind speed correlate very well to actual monthly and annual wind energy yields for large parts of northern Europe (Bakker and Bessembinder 2009; Albers 2004) .
With respect to future energy resource management it is of interest whether and how northwestern Europe wind climate might change in response to increased greenhouse gases (GHG). General circulation models (GCMs) can be used to explore this response of wind climate to changes in the large scale forcings (Woth et al. 2006; Rockel and Woth 2007) . Depending on the wind application, different dynamical or statistical downscaling techniques have been used (Pryor et al. 2005 (Pryor et al. , 2006 Najac et al. 2009 ). Projected changes in European wind climate differ greatly and many authors note that the results are very uncertain due to the poor representation of the present-day climate conditions by many GCMs and regional climate models (RCMs) (WASA 1998; Pryor et al. 2006; Najac et al. 2009 ).
Possibly, the wide range in wind climate projections is a manifestation of LTP. Neglecting LTP can cause an erroneous detection of a significant response (Von Storch and Navarra 1995) to increased GHG. For the correct assessment of climate change the existence of LTP should be recognised. Yet, studies on the representation of LTP in GCMs are rare. We are not familiar with studies on the representation of LTP in modelled wind projections. For other variables such as temperature and precipitation LTP is generally underestimated or even absent in GCMs (Rutten 2008; Vyushin et al. 2002) . This may originate from the fact that typical GCM climate runs lack natural variations in their forcings such as GHG concentrations, the solar constant or volcanic eruptions (Vyushin et al. 2004; Rybski et al. 2008) .
For typical GCM simulation lengths (100-200 years), it is hard to efficiently detect significant LTP or significant stuctural changes in average wind conditions that are relatively small compared to the multi-year variability. An ensemble of simulations with a single GCM and similar evolution of the boundary conditions (e.g. emission scenario) increases the sample size and is of help in this case. The ESSENCE (Ensemble SimulationS of Extreme weather events under Nonlinear Climate changE) project (Sterl et al. 2008) provides such an ensemble of simulations with a single GCM and a given emission scenario. Differences between the members represent the internal variability at a range of time scales in the GCM.
The main objective of this study is to develop a method to estimate the 10-year mean geostrophic wind speed for the near (coming 10 years) and the far future (around 2050) and its uncertainty due to climate variability. Since LTP strongly affects the uncertainty, the annual geostrophic wind speed in Northwest Europe, derived from pressure observations, is tested for the presence of LTP. Emphasis is put on how to minimize the influence of the unavoidable inhomogeneities in the measurement series. Next, an ensemble (ESSENCE) of seventeen simulations of one global circulation model (GCM) and using one emission scenario is tested for the reproduction of LTP and for a human induced climate response in the geostrophic wind speed. Finally, the multi-year uncertainty derived from the observations is compared to the uncertainty and trends as derived from the ESSENCE ensemble.
Data

ECA&D dataset: sea level pressure
Daily geostrophic wind speed was derived from sea level pressure (slp) gradients between three measurement sites using the triangle method described by Alexandersson et al. (1998) . Subsequently, the daily geostrophic wind speed was averaged to annual values (U ECA ). For comparison reasons, triangles were chosen very similar to the triangles analysed by Alexandersson et al. (1998 Alexandersson et al. ( , 2000 and Wang et al. (2009) (Fig. 1 (Uppala et al. 2005) . Eleven daily slp values have been labelled suspicious and were discarded; seven of them before ERA40 comparison (4x Aberdeen, 2x Esbjerg Airport, 1x Armagh) and four of them within the ERA40 comparison (4x Armagh).
The pressure time series have not been analysed for inhomogeneities, which might have resulted from changes in instrumentation or station relocations. Due to a lack of sufficient meta-data in the ECA&D database, it is not possible to distinguish between inhomogeneities and natural long-term variability. To filter out the influence of LTP, homogeneity testing is usually applied on a difference series with a strongly correlated series. However, for the long time series used in this study very few time series are available and the possible difference series are closely related to pressure gradients and so to geostrophic wind speed. Since we expect geostrophic wind to be subject to LTP, we expect this for the difference series too. Rather than homogeneity testing we performed a sensitivity analysis to inhomogeneities in the slp time series, due to (unknown) station relocations, sudden shifts (e.g. unrecorded height displacements) and changes in recording time of frequency.
Station relocations
Two slp series are very likely to be continuations of older nearby stations, although this was not found in the metadata of the ECA&D database. The annual mean slp values of Thyboron and Esbjerg Airport are very similar to Vestervig and Nordby (1874-1986) respectively, which are both available until 1986. Alexandersson et al. (1998) reported relocations between 1986 and 1987 for both pairs of stations. Applying Alexandersson's coordinates rather than the ECA&D coordinates helps to remove an obvious inhomogeneity in the geostrophic wind speed series derived from the slp series of Thyboron, Esbjerg Airport and Hammer Odde Fyr.
The use of incorrect, but nearby (\20 km) coordinates only causes obvious inhomogeneities in geostrophic wind speed for the relatively small triangle Thyboron-Esbjerg Airport-Hammer Odde Fyr. Consequently, the estimated Hurst exponent (H) appeared much higher for fixed coordinates, i.e. neglecting station relocations. For the larger triangles, the influence is relatively minor.
Sudden shifts
The impact of sudden shifts in the slp series was studied by perturbing the second half of one of the three stations with an amount of 0.25 hPa, which is small enough to be overlooked by visual inspection. It appeared that such small shifts rarely affect the estimation of H in time series of geostrophic wind speed.
According to ECA&D, the slp in Aberdeen is on average 0.87 hPa higher than the nearby station Dyce (at a distance of 8.0 km). To avoid inhomogeneities in geostrophic wind derived from a combined slp series, Aberdeen was corrected before. Subtracting the difference in mean slp from the slp values of Aberdeen removes most of the inhomogeneity.
Changes in recording time
The remaining inhomogeneity might be caused by the fact that the Dyce data represent daily mean slp between 23-23 UT and the Aberdeen data represent 0-0 UT. This inhomogeneity, however, is small and hardly affects estimatedĤ.
For the Norwegian stations Bergen Florida and Bodø VI two types of daily slp are available. The first represents daily mean slp between 0-0UT and the second represents daily mean slp between 18-18UT (see Table 2 ). The 0-0UT time series start much earlier (1868) than the 18-18UT time series (1901), but the Bodø series is only available until 1995 and Bergen until 2002. Replacement of Bodø 0-0UT by 18-18UT hardly affects the annual variability and estimatedĤ and Bodø can safely be extended by the 18-18UT series. For Bergen the influence of such replacement depends on the triangle. Replacement does affect U ECA andĤ for the triangles Bodø-Bergen- 
1900
In 1900, the cross correlation structure of daily slp between the Norwegian stations Bodø and Bergen with other stations is shifted in time with respect to the cross correlation for the whole period. In general, the highest correlation between daily slp of two nearby stations is found at the same day. In 1900, however, the highest correlation is found at lag 1. This shift in cross correlation structure results in way too high U ECA . Although the cause of this shift has not been retrieved, the year 1900 is discarded from the Bodø and Bergen time series.
ESSENCE
In the ESSENCE project, an ensemble of seventeen simulations with the ECHAM5/MPI-OM climate model (Jungclaus et al. 2006 ) with common evolution of the boundary conditions and only slightly varying initial conditions was performed (Sterl et al. 2008) . Differences between the ensemble members are caused by internal variability of the simulated climate. An ensemble of climate model simulations therefore gives the opportunity to investigate very rare events, such as extreme rainfall (Sterl et al. 2009) Demuzere et al. 2009 ).
The climate model runs on a regular grid at a spatial resolution of about 200 9 200 km 2 . The integrations follow observed GHG concentrations and tropospheric sulphate for the initialisation and historical part and the SRES A1B emission scenario (Nakicenovic et al. 2000) for the future period 2001-2100. Volcanic eruptions and variations of the solar constant have not been taken into account, although they may be important contributors for long-term variability (Vyushin et al. 2004) . A long initialising period has been applied. The different ensemble members were generated by disturbing the initial atmospheric temperature field with Gaussian noise of amplitude 0.1 K. The initial ocean state was not disturbed. In this way, all members represent the same deterministic trend due to increased GHG concentrations and tropospheric sulphate and mutual independent natural (multi-year) variations.
The slp output was stored at a 3-hr temporal resolution at every grid point. Geostrophic wind speed was derived (2011) indicated ML as the most attractive method method because of its high precision with respect to alternative methods and because r is estimated simultaneously. The relative longer computation time will stay within acceptable limits since the records are not very long (n \ 1,000). An additional advantage of ML is that the estimated likelihood function enables to include the parameter uncertainty in the estimation of the prediction level for future mean aggregated geostrophic wind speed (see Sect. 5.1.2).
In Sect. 3.2 the implementation of the ML method is explained and it is shown that the estimatedĤ is biased. Therefore, we slightly adjusted the ML method in Sect. 3.3. Section 3.4 explains the trend estimation and detrending. In Sect. 3.5, the spatial pattern ofĤ is shown and interpreted.
Maximum likelihood estimation
For the estimation of the Hurst exponent (H) we slightly adapted the maximum likelihood method (ML) as proposed by McLeod and Hipel (1978) . Tyralis and Koutsoyiannis (2011) found a very good performance of this method compared to other methods and emphasised the advantage that the three parameters l, r and H are estimated simultaneously.
Given a historical time series u n = [u 1 , …, u n ] of annual average geostrophic wind speed u i of length n, the log-likelihood (logL) of h ¼ ½l; r; H is
where C N (H) is the n 9 n autocorrelation matrix [q |i-(i?j)| ] which depends on H and lag j-not on the aggregation level k-via
Tyralis and Koutsoyiannis (2011) showed that the ML estimates of l and r arê For typical sample sizes of annual mean geostrophic wind speed (n = 80-150) the estimatesĤ;r and as a consequencer ð10Þ are biased. Figure 2 shows the spread (1,000 samples) of the ML estimates for given H = 0.5, 0.6, 0.7, 0.8 and 0.9 and r = 1.0 for sample sizes n = 50, 100, 150 and 200. The samples are generated by a ''quick and dirty'' algorithm (Multiple Time Scale Fluctuation Approach), which efficiently approaches Fractional Gaussian Noise (Koutsoyiannis 2002 ).
Adaptation maximum likelihood method
The negative bias is possibly a manifestation of the fact that the sample autocorrelation is a biased estimate for the true population autocorrelation for small sample sizes and H [ 0.5. Therefore, the likelihood of a certain H should be based on lower correlations than in the matrix C N (H). For this purpose, the correlations are calculated by applying an adapted H in Eq. 5, expressed as H * .
which is valid for sample sizes between 50 and 200. The use of the adapted H * considerably improves the ML estimates (ML?). The biases inĤ disappear and the estimatesr are exactly the same as for the original ML method. So,r ð10Þ also improves (Fig. 3) .
Trends and detrending time series
Since an apparent structural trend can be a manifestation of LTP, Hurst estimates for time series affected by trends are generally positively biased and vice versa. Therefore, the ECA&D annual geostrophic wind speed (U ECA ) series were tested for trends and if necessary detrended before evaluating LTP. Figure 4 shows the linear trends according to Sen's non parametric trend estimator (Sen 1968) .
Most of the regarded geostrophic wind speed time series do not show significant trends according to the ordinary Mann-Kendall (MK) trend test. The trends of two triangles, in front of the Norwegian coast, were tested significant using ordinary MK, but the trends turned out not to be significant using MK adapted for LTP (Hamed 2008) . The geostrophic wind speed of two triangles, Aberdeen-Armagh-Torshavn & Aberdeen-Armagh-De Bilt, shows a significant decrease according to both trend tests and had been detrended before estimation of H.
Hurst exponent in ECA&D geostrophic wind speed time series
The Hurst exponent was estimated by the adapted maximum likelihood (ML?) method. The presence of missing values only introduces a minor bias and slightly wider confidence intervals, but Eq. 10 remains valid. Therefore, missing values were simply omitted as they do not add any information. The number of values (n) should be interpreted as the sum of valid and missing values where the first and last value of the series should be valid. The confidence levels of the Hurst exponent were determined for every geostrophic wind speed time series separately by a Monte Carlo simulation (MC) using 1,000 stochastically generated time series. The MC took into account the time series length and the distribution in time of missing values. The significance of the Hurst phenomenon (H [ 0.5) was tested one-sided at a 5% confidence level (Fig. 5) .
The estimated Hurst exponents show a spatially coherent picture. The geostrophic wind speed derived for the triangles over the North Sea, British Islands and along the Scandinavian coast are characterised by a significant Hurst exponent between 0.58 and 0.69. The origin of this pattern is not clear.
Long-term variability in ESSENCE
Reproduction of past climate by ESSENCE
The ESSENCE simulations fairly well reproduce the ERA40 long-term mean slp patterns over North Europe between 1958 and 2002. Even in an absolute sense the differences are relatively small (Fig. 6) . However, the Iceland low appears a little too deep and pressure gradients towards the southeast are generally too strong.
The difference between ERA40 and ESSENCE year-toyear variability of slp is characterised by a distinct northsouth gradient (Fig. 7) . The northern part of the domain is characterised by a considerable overestimation and the central southern part by an underestimation, both more than two times the standard deviation of the 17 standard deviations within the 17 individual simulations (shaded area). This suggests that the spatial pattern in the difference is not arbitrary.
The general spatial pattern of annual mean geostrophic wind speed according to ESSENCE U ESS resembles U ERA40 well (Fig. 8, left) . However, ESSENCE gives generally too high geostrophic wind speed and completely misses local minima such as in the south of the Scandinavian Peninsula. The overestimation of the geostrophic wind speed is partly caused by the slightly higher spatial resolution of ESSENCE. But the main cause is probably the too high mean slp gradient in ESSENCE. The coefficient of variation (CV) is strongly underestimated by up to 40% for the largest part of the investigated area. Only the northwestern and southeastern corner are overestimated.
Trend testing and detrending
Before estimating and significance testing of H in the ESSENCE ensemble, the geostrophic wind speed series have been tested for trends and were detrended accordingly. Figure 9 (left) shows the median trend between two arbitrary points in time (Sen's trend estimator, Eq. 11) in the ESSENCE ensemble together with its significance. To minimise the possible influence of LTP, the significance testing is done by the application of the ordinary MK test to the ensemble mean. According to this test, the ESSENCE ensemble of climate simulations shows small, but significant trends between 1950-2100 in large parts of northern Europe.
The northwestern part of the investigated domain is characterised by a strong non-linear decrease of U ESS , starting between 2000 and 2010. However, the farmost northwestern corner (over Greenland) shows even stronger increasing trends. The strong spatial gradient of temporal trends between Iceland and Greenland could be the result of the changes in sea ice cover in the ESSENCE simulations during the twenty-first century. The strong retreat in winter and even disappearance in summer of sea ice in the Denmark Strait (not shown) may strongly affect the prevailing surface temperature gradients and as a consequence pressure gradients in these areas. Standard deviation (k=10) n=50 n=100 n=150 n=200 The 17 individual member simulations have been detrended prior to the estimation and testing of H. This is done by subtracting the smoothed ensemble mean because this ensemble mean appeared still rather noisy. The smoothing is done by taking the 21-year moving average.
Estimation of the Hurst exponent for the ESSENCE ensemble
The Hurst exponent of the ensemble simulations was determined using the same procedure as used for the ECA&D data and taking the median of the estimates of all ensemble members. Extension of the procedure for an ensemble of mutually independent time series is very timeconsuming and turns out to give similar results. The estimatedĤ in the ESSENCE simulations are generally close to 0.5 and not significant (Fig. 9, right) . About 5% of the shown area is tested significant which likely originates from statistical coincidence. Yet, the significant area near Greenland substantially extends in both directions along the coast and into the Greenland Sea/ Arctic ocean (not shown). Similar to the decrease of U ESS in the same area, this is likely to be caused by variations in sea ice cover, which is highly persistent between years.
5 Prediction intervals of multi-year geostrophic wind
Stochastic intervals
The Hurst phenomenon and natural climatic variability
In case of LTP, the variability of the multi-year aggregated mean of a process dramatically increases with the length of the averaging interval compared to classical statistics. For the aggregation level k, the standard deviation of the aggregated mean is given by the general law r k ¼ r k ðHÀ1Þ (Eq. 2). It can be justified to assume predicted annual geostrophic wind speed (U (1) ) approximately normally distributed (and thus U (10) too). So, the prediction limits can be calculated by multiplying r (10) by the b-quantile of the standard normal distribution ðf b Þ. These (unconditional) prediction limits are valid for long lead times, i.e. the far future where the influence of observed u n is limited. For shorter lead times, the past information cannot be neglected. We used the approximation for the conditional intervals derived by Koutsoyiannis et al. (2007) to take the past observatios into account (see ''Appendix''). The approximation is derived for sample size n = 100, but our records are of comparable length.
Parameter uncertainty
The prediction interval for future aggregated mean geostrophic wind speed depends on several sources of uncertainty. The measurement uncertainties have not been considered in this study, since the influence of this uncertainty is fairly low if the gestrophic wind triangles are chosen large enough (see Sect. 2). Uncertainty due to climate variability can be well quantified when the Hurst exponent (H) is known. Yet, H is very uncertain for sample sizes smaller than n = 200 (Fig. 3) and this uncertainty should be taken into account.
Climate variability and parameter uncertainty can be combined in a Bayesian way (Gelder 2000) . According to Bayes theorem (Bayes 1763), describing the conditional probability, the posterior density of h ¼ ½l; r; H can be written as
where pðhju n Þ the posterior density of h ¼ ½l; r; H after observing u n ¼ ðu 1 ; . . .; u n Þ, lðu n jhÞ the likelihood function of the observations for known h ¼ ½l; r; H (see Eq. 4), pðhÞ the prior density of h ¼ ½l; r; H before observing u n ¼ ðu 1 ; . . .; u n Þ and pðu n Þ ¼ R h lðu n jhÞpðhÞdh the marginal density of the observations, which can be considered as a normalising constant.
Obviously, the posterior density strongly depends on the subjective choice of the prior density. In this study we have chosen l and r fully dependent on H. This choice is justified since estimates for the parameters r and H are closely related and the uncertainty of l hardly influences the total uncertainty (Tyralis and Koutsoyiannis 2011) . Given H, the ML method of Eqs. 6 and 7 was used to estimate l and r. For the prior density of H, the uniform distribution was used, bounded by 0.5 and 0.99. The lower boundary is chosen 0.5, since we do not think that H \ 0.5 (i.e. antipersistence or negative autocorrelation) is likely to be met for annual geostrophic wind speed across northwestern Europe.
Deterministic intervals
The ESSENCE prediction intervals up to 2100 of the 10-year aggregated mean geostrophic wind speed (U ESS (10) ) have been constructed by exploiting the assumed mutual independency of the 17 simulations. For every ECA&D triangle, the ESSENCE grid box closest to the triangle center was chosen. Next, the 17 time series of the annual mean geostrophic wind speed U ESS
(1) were scaled such that the sample annual mean and standard deviation correspond to the sample characteristics of U ECA
(1) . Then, for every year (1959-2100), the 10-year aggregated mean U ESS (10) was calculated for all members separately. The ensemble mean is used as the central prediction. A first order estimate of the 95%-prediction interval is obtained from the 17 values per year. This first order estimate is very noisy since the sample of 17 members is rather small. Therefore, this prediction interval is smoothed by taking the 21-year moving average. The obtained intervals fairly well represent climatic variability and the deterministic trend due to changed greenhouse gas concentrations represented by the ESSENCE simulations.
Comparison intervals
The evolution in time of U ESS (10) and its accompanying prediction intervals are compared to the previously discussed intervals derived from the historical time series u n :
• classical prediction intervals (see Eq. 3) • prediction intervals for known H (see Sect. 5.1.1 and ''Appendix''). • prediction intervals for uncertain H (see Sect. 5.1.2). light-gray according to classical statistics (H = 0.5), darkgray taking into account known H and black taking into account the uncertainty of H.
The incorporation of LTP gives substantially larger prediction intervals than according to classical statistics (26% for H = 0.6 and even 100% for H = 0.8 at an aggregation level of k = 10). The uncertainty of the estimatedĤ accounts for an additional widening of the prediction intervals. For the time series of around 90 years this widening (absolutely) amounts 17-20% with respect to the classical estimates. This rapidly reduces to about 10% for time series of approximately 110 years and longer.
The central prediction U ð10ÞÃ based on the ECA&D annual mean geostrophic wind (U ECA (1) ) nearly equals the estimated population mean for lead times longer than the aggregation level (l [ k). For shorter lead times, U ð10ÞÃ is partly averaged from observed (thus known) annual averages. As a result, the prediction interval starts relatively narrow and rapidly widens until l = k. After that, the prediction interval gradually approaches the (unconditional) prediction interval since the autocorrelation of u n slowly decreases with increasing lead time.
The ESSENCE prediction intervals are smaller than the intervals derived from past geostrophic wind speed u 0,n . This should be attributed to the underestimation of H (Sect. 4, Fig. 9 ), since the annual mean geostrophic wind U ESS
(1) was scaled and shifted such that its characteristics (mean and standard deviation) match the U ECA
(1) characteristics. In the southern part of the domain even the significant trends (e.g. De BiltArmagh-Thyboron and Thyboron-Esbjerg Airport-Hammer Odde Fyr) are negligible compared to the large prediction intervals. In the two most northern triangles (Tasiilaq-Jan Mayen-Stykkisholmur; Jan Mayen-Torshavn-Bodoe) U ESS is characterised by a strong decrease (see Sect. 4.2).
Discussion
The Hurst phenomenon or LTP has been detected in time series of geostrophic wind speed over the North Sea and British islands. The presence of LTP strongly increases the uncertainty of future long-term mean wind climate compared to assuming temporal independence. Most common methods underestimate the Hurst exponent and thus the multi-year variability in case of sample sizes smaller than 100-150 years. A minor adjustment of the ML method removes those biases. However, the uncertainty of the estimated Hurst exponent (and multi-year variability) remains large. The influence of this parameter uncertainty can be taken into account in a Bayesian way.
Geostrophic wind speed is a suitable proxy for the current wind climate, but inhomogeneities in the underlying pressure data may seriously affect the derived geostrophic wind speed. The meta-data as provided with the ECA&D pressure observations is limited, but it appeared that the influence of undetected inhomogeneities is small if the area to determine the geostrophic wind was chosen large enough. Even if large areas are applied, changes in recording time may result in significant shifts in derived geostrophic wind speed and thus the estimated Hurst exponent. These areas where changes in recording time may affect the results are identified. It is unlikely that unreported and undetected inhomogeneities significantly affected our results. Our approach of estimating the prediction intervals on the basis of historical time series is only suitable for a fairly stable climate (including multi-year variations). For structural changes deterministic models such as GCM are indispensable. The existence of a seventeen member ensemble of simulations with ECHAM5 (SRES A1B) within the ESSENCE project enabled us to distinguish between structural trends and LTP. In general, the mean and interannual variability of slp and geostrophic wind speed are fairly well captured by ESSENCE. Yet, LTP was Fig. 11 Past 10-year running mean of geostrophic wind speed together with diverse 95%-prediction intervals for future 10-year running mean. Lines are explained in Fig. 10 generally not reproduced. ESSENCE prediction intervals are therefore much smaller than the prediction intervals derived from observations. The ESSENCE simulations produce significant trends in some areas within the investigated domain. In the southern part of the domain these trends are very small compared to the large multi-year variability, but the area north of Iceland is characterised by a strong non-linear decrease of geostrophic wind speed. This trend could possibly be attributed to changes in sea ice coverage. Pressure gradients are often related to gradients in surface temperature, which strongly depends on the presence of sea ice.
The ESSENCE ensemble of GCM simulations effectively helps to distinguish multi-year variability from structural trends. Ideally, comparable ensembles from other GCMs and other scenarios should be used to take model uncertainties and uncertainties about future emissions into account. However, such ensembles are very rare and GCM simulations usually do not capture LTP.
Despite the distinct effect of mesoscale roughness on the wind energy supply over land, we did not consider changes in surface roughness. In practice, it is very hard to predict changes in surface roughness and so to estimate its influence on wind supply. A scenario approach could be considered to cope with this important source of uncertainty.
The large multi-year variability of wind climate enlarges the uncertainty of projected near and far future multi-year wind energy yields. Since LTP cannot be estimated from the relatively short time series with surface wind speed and wind yields, LTP should be estimated from some largescale circulation indicator of which long records can be constructed. The translation of LTP in geostrophic wind speed to LTP in wind energy yields is rather straightforward and needs some more investigation. The triangles over which the geostrophic wind speed was derived are very large. It is evident that the LTP in wind climate is not homogeneous within the entire triangle and the LTP calculated will probably not be representative for all parts of the area. The equally long time series, like pressure tendency (pressure difference between two successive days) do not suffer from this problem and should therefore be analysed too.
